Determining drivers of species richness is recognised as highly complex, involving many synergies and interactions. We examine the utility of newly available remote sensing representations of vegetation productivity and vegetation structure to examine drivers of species richness at continental and regional scales. We related richness estimates derived from stacked species distribution models for birds, mammals, amphibians, and reptiles to estimates of actual and potential evapotranspiration (AET and PET), forest structure, and forest productivity across Australia as a whole as well as by bioclimatic zones. We used structural equation modeling to partition correlations between climate energy and vegetation attributes and their subsequent associations with species richness. Continentally, vertebrate richness patterns were strongly related to patterns of energy availability. Richness of amphibians, mammals, and birds were positively associated with AET. However, reptile richness was most strongly associated with PET. Regionally, forest structure and productivity associations with bird, mammal, and amphibian richness were strongest. Again, reptile richness associated most strongly with PET. Our results suggest that a hierarchy of drivers of broad-scale vertebrate richness patterns exist (reptiles excluded): 1) climate energy is most important at the continental scale; next, 2) vegetation productivity and vegetation structure are most important at the regional scale; except 3) at low extremes of climate energy when energy becomes limiting.
Introduction
Determining which factors drive patterns of species richness remains a critical question for ecologists, despite decades of research and both empirical and theoretical models produced at a range of spatial scales (Willig et al. 2003) . This continued focus emphasises that ecosystems are highly complex, involving many synergies and interactions between bio-geochemical, carbon, and water cycles, which in turn impact the patterns and processes driving biodiversity. It also demonstrates how important information on the drivers of species richness is for managers charged with understanding how species will respond to anthropogenic influences and changing climates (Orme et al. 2005) . Recently, there has been a global call to develop a system to track biodiversity change, including monitoring species richness (Pereira et al. 2013) . Critically, to do so, agreement is needed to define a minimum set of essential measurements (known as essential biodiversity variables (EBV)) to capture major dimensions of biodiversity change. These in turn can inform the varied biodiversity indicators of the Convention on Biological Diversity CBD (Pereira et al. 2010 ) and other global policy agreements (Bubb et al. 2011 ) around changes in global biodiversity. One overriding issue with undertaking studies examining which EBVs should be monitored is our capacity to ask questions and pose hypotheses about biodiversity across broad spatial scales. This is because traditionally, studies have been limited by a deficit of broad, fine-grained datasets describing ecological variables directly related to macroecological patterns (Keith et al. 2012 , Pfeifer et al. 2012 .
Globally, species richness (i.e. number of species per unit area) is most commonly characterized by a latitudinal gradient effect, in which richness of most taxa increases towards the tropics (Rosenzweig 1995) . Underlying this pattern is that at these large spatial scales, climatic conditions are a key driver of species richness. One mechanism by which climate and biodiversity may be linked is the hypothesis that species richness is limited by environmental energy (Wright 1983) , with temperature and available moisture often used as a surrogates for energy (Currie 1991) . In contrast, the stress hypothesis inverts this concept and suggests that fewer species can tolerate climatically harsh environments with low primary productivity (Fraser and Currie 1996, Willis and Whittaker 2002) .
Evapotranspiration measures such as actual evapotranspiration (AET) or potential evapotranspiration (PET) are more direct measures of environmental stress in terrestrial environments than conventional meteorological annual variables such as annual rainfall and maximum and minimum temperature, providing a composite assessment of both ambient energy and water availability (Wright 1983 , Hawkins et al. 2003 with lower AET equating to increased stress and lower energy (Fraser and Currie 1996, Costa et al. 2007 ). Avian species richness has been linked both negatively (Symonds and Johnson 2008) and positively (Hawkins et al. 2005 ) to patterns of AET. For mammals in the tropics, a reduction in richness was associated with the less complex vegetation and lower vegetation productivity at lower altitudes (Bateman et al. 2010) , whereas mammals on Australian islands had no distinct patterns in species richness associated with climate (Burbidge and Manly 2002) . In the case of reptiles potential evapotranspiration (PET) may be more functionally linked to stress due to ectotherm physiology combined with a reduced reliance on aquatic habitats. In this case, reptile species richness has been shown to be constrained by temperature due to its influence on fecundity and survival rates (Powney et al. 2010) . In contrast, amphibians are highly vulnerable to desiccation and are therefore expected to show a positive relationship with moisture availability (Gouveia and Correia 2016) .
The continent of Australia makes an important regional case study for improving our understanding of the drivers of species richness across diverse taxa and environments that span tropical through temperate and moist through arid biomes and long energy gradients associated with moisture availability. The large water availability gradient across the continent has, for example, been linked to bird species richness (Gentilli 1992 ) with annual actual evapotranspiration (AET) ranging from 146 to 3354 mm yr -1 which is 91% of the global AET gradient (calculated from FAO 2015). In fact, of the continents, only Africa provides better coverage of the global AET gradient.
While at global and continental extents climatic drivers are clearly evident, at finer scales it is more likely that a series of factors combine to influence species diversity (Field et al. 2009 ). MacArthur (1972 postulated that patterns of species respond to three major descriptors: climatic stability, vegetation productivity, and habitat structure; with empirical evidence demonstrating that each of these factors play an important role in biodiversity. Vegetation structure in particular is a key indicator of habitat with the structure and distribution of forests and woodlands often driving distributions of birds, mammals and other taxa. Classic ecological research has shown that bird diversity increases with the number of vertical vegetation layers present at a location (MacArthur and MacArthur 1961) and closely related lizard species coexist by partitioning habitat use vertically in forested vegetation (Schoener 1968) . Complex vegetation structures have also been associated with higher levels of productivity, leading to positive correlations between species richness, productivity and forests (Evans et al. 2005) . Although climatic conditions determine the total energy present in an ecosystem, primary productivity represents the total energy that is available to vertebrate communities. Contemporary thought is the 'more individuals hypothesis' (Wright 1983) suggesting that the availability of increased resources at higher productivities results in a greater number of individuals, reducing extinction risk, therefore increasing the number of species present in an area at any one time.
Over the past decade, advances in remote sensing technology have increased their relevance for estimating richness drivers because of their significant benefits, including repeatable coverage allowing for consistent and synoptic monitoring, reduced cost (per unit area), and ready access (Wulder and Coops 2014) . The definition of EBV's can help in the prioritization of attributes to measure. However, to be most useful, translation of traditional remote sensing measures such as landscape greenness, land cover, and leaf area into metrics that are relevant for biodiversity monitoring is critically needed (Skidmore et al. 2015) .
A number of macroecological studies are utilizing a range of remotely sensed datasets for study design, modeling, and regionalizing areas by environmental gradients (Hurlbert 2004 , Hawkins et al. 2005 , Rodríguez et al. 2005 , Davies et al. 2007 , Phillips et al. 2008 , Andrew et al. 2012 , Gouveia et al. 2014 , Roll et al. 2015 . Moreover, a number of new representations of the global vegetated environment, a key EBV, have become available, which should provide renewed insights into the distribution of species richness. The first represents a recently compiled decadal (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) summary of gross primary productivity (GPP) derived from the MODIS sensor which uses a combination of 8-d fraction of photosynthetically active radiation (FPAR) and leaf area index (LAI) as well as daily meteorological data. The decadal synthesis provides a globally consistent, spatially contiguous estimate of vegetation production at 1 km spatial resolution allowing annual and decadal vegetation production to be quantified globally. Other insights into vegetation condition come from a large number of Light Detection and Ranging (LiDAR) samples from the Geoscience Laser Altimeter System (GLAS), which have been compiled into representations of global canopy height to describe vegetation structure over the globe. Both of these globally available remotely sensed datasets offer new opportunities for the assessment of biodiversity at regional to global scales.
In this paper, we bring together these recent advances in remote sensing to examine the relative importance of known drivers of species richness gradients, derived from globally available remote sensed datasets, at the continental scale and assess across a range of taxa. A key benefit of utilising these globally available remotely sensed datasets is their capacity to provide estimates of vegetation structure and vegetation productivity that have hitherto been unavailable across broad spatial areas. We also perform complementary analyses within climatically defined regions to determine the consistency of the broad-scale diversity patterns and if any generalities emerge to explain inter-region differences in the importance of the different drivers. This research provides an approach to utilise a range of refined remote sensing datasets for species richness assessment and is in response to some critics who argue that deriving information on biodiversity from space at theses broad spatial scales remains to be demonstrated.
Methods

Data
Species richness
Species distribution models (SDMs) for Australian species was undertaken by Reside et al. (2013) and an in-depth description of the input climate and species data, modelling approaches, and validation are included therein. We provide a brief summary for completeness here, noting that these distribution maps are the finest grain wall-to-wall estimates available and the most comprehensive Australia-wide distribution maps available for the key taxa. Species data were accessed by Reside et al. (2013) from the Australian Atlas of Living Australia, the Centre for Tropical Biodiversity and Climate Change species data base (Williams et al. 2010b ) and from the Queensland Museum. Species with fewer than five records and reptiles with fewer than four records (due to their relatively fewer observations) were excluded. In total there were 239 mammal, 599 bird, 218 amphibian, and 625 reptile species. As verification, Reside et al. (2013) compared known species occurrence ranges to relevant field guides (Menkhorst and Knight 2001 , Churchill 2009 , Tyler and Knight 2009 , Wilson and Swan 2010 , and with expert opinion. Although this is a subset of the total vertebrate richness of Australia, the species that were excluded were rare species with insufficient observations to reliably model their distributions. However, rare species have relatively little impact on biodiversity gradients, which are driven instead by common species (Jetz and Rahbek 2002 , Lennon et al. 2004 , Gaston et al. 2007 ). The predictions produced by Reside et al. (2013) are unique in their number of species covered, common methodology, and fine spatial grain and we believe the sample of species used in our analyses provides a representative estimate of biodiversity gradients in Australia.
The species models utilized seven baseline climate variables derived at approximately 1-km spatial resolution using 30-yr averages centred on 1990 (i.e. 1976-2005) . Climate surfaces were developed using the 'climates' package in R (VanDerWal 2011) which is equivalent to the bioclim variables derived using Anuclim 5.1 software (Hutchinson 2000) . The seven climate variables were annual mean temperature, temperature seasonality, maximum temperature of the warmest period, annual precipitation, precipitation of the driest period, precipitation of the wettest period, and precipitation seasonality. Modeling was undertaken using the Maxent package (Phillips et al. 2006) . Maxent uses a statistical framework to relate the presence-only data to environmental variables and uses maximum entropy to develop the best model fit. Model performance was evaluated by the area under the receiver operating characteristic curve (AUC) which measures predictive accuracy and model consistency. Models with low AUC ( 0.7) were not included in the species richness calculations. Eight mammal species had low AUC, of which half were bats. Using these species distribution maps, current spatial patterns of species richness were created for all four taxonomic groups (amphibians, birds, reptiles, mammals) by summing the binary species distribution layers. See Fig. 1 for species richness estimates.
The use of modeled species distributions allows us to perform considerably finer-grained analyses than would be possible with species range maps which are typically only suitable at grains of 100-km or greater (Hurlbert and White 2005) . At finer grains, species range maps can be biased and overestimate species distributions because many locations within a species' range are unlikely to be occupied (Rondinini et al. 2006 ). Lastly, 'stacked' species range maps are also known to over-estimate site-based species richness, because they ignore species interactions and community assembly rules (Guisan and Rahbek 2011, Cord et al. 2014) . Although estimates of species richness derived from stacked species distribution models also fail to consider species interactions, we believe that our analyses were conducted at an appropriate resolution (10-km) to minimize these effects.
Climate energy
Estimates of AET and PET were obtained from the Australian Water Availability Project (AWAP) which monitors the status of the terrestrial water balance across the Australian continent at 5-km spatial resolution using model-data fusion. Data inputs for their calculation include interpolated climate surfaces (temperature and precipitation, Jones et al. 2009 ); remotely sensed observations of solar radiation and climatologies of vegetation cover (fPAR); and soils data (Raupach et al. 2009 ), from which AET and PET (among other products) are calculated. A simple water balance model is then used to estimate water fluxes in the hydrological cycle, including AET at weekly and monthly time steps.
Vegetation productivity
The MODIS sensor on board TERRA and AQUA satellites observes changing vegetation conditions on a near daily basis. From these observations, 8-d estimates of GPP are produced globally at 1-km spatial resolution. These estimates are derived following the principles of Monteith (1972) as a function of the absorbed photosynthetically active radiation (APAR) and the light-use efficiency (LUE) of vegetation, which is influenced by weather extremes (cold and drought):
where Emax is the maximum LUE; SWrad is the incident short-wave solar radiation, multiplied by 0.45 to derive photosynthetically active radiation (PAR); FPAR is the fraction of incident PAR that is absorbed by vegetation from the MODIS sensor; and fVPD and fTmin are reductions in LUE from high vapor pressure deficits (VPD) that lead to water stress in plants and low temperatures that limit plant function (Zhao and Running 2010) . FPAR is determined using the 1-km MODIS FPAR product (MOD15A2, Myneni et al. 2011) , which is computed from atmospherically corrected MODIS surface reflectance and the MODIS land cover classification (Friedl et al. 2010) . The algorithm defines Emax by vegetation type according to the MODIS land cover classification (MOD12Q1, Friedl et al. 2010) . Daily meteorological data is used to calculate minimum daily temperature (Tmin), maximum VPD and SWrad (Zhao and Running 2010) . MODIS GPP has been shown to be a better estimate of productivity than more commonly used proxies of greenness (such as the normalized difference vegetation index, NDVI), especially at the extremes of the productivity gradient, and has been shown to be more explanatory of biodiversity gradients than is NDVI (Phillips et al. 2008) . For this analysis, we use the MOD17A3 GPP product (available at:  https://lpdaac.usgs.gov/dataset_discovery/modis/modis_ products_table/mod17a3 ), which derives annual estimates of GPP globally from the 8-d GPP product. Heinsch et al. (2006) showed that MOD17A3 GPP had a relatively strong correlation to flux tower estimates of GPP across North America (r = 0.859  0.173), but overestimated the tower estimates at most sites (relative error = 24%). As productivity will vary from year to year due to fluctuations in temperature and vegetation condition, GPP estimates from a single year may not be representative of long term productivity. Therefore, the annual GPP product was averaged from 2005 to 2010 to account for inter-annual variability in productivity and align productivity estimates with estimates of vegetation structure (Fig. 2B ).
Vegetation structure
To derive estimates of vegetation structure over the Australian continent we utilised a global vegetation height layer produced by Simard et al. (2011) . The Simard et al. (2011) global height layer utilises GLAS laser footprints which are ~65 m in diameter and separated by 172 m along track and up to 14.5 km across tracks (Zwally et al. 2002) , providing a sample of vegetation structure over the globe during its seven year mission (Fig. 2C) . Simard et al. (2011) used cloud-free GLAS waveforms acquired from May and June of 2005 (L3C) and climatic, topographic and other globally available ancillary variables to predict canopy height for each GLAS waveform modified by a slope map using 90-m Shuttle Radar Topography Mission (SRTM) data between 60°S and 60°N to estimate and correct the potential bias in canopy height introduced by slope. Simard et al. (2011) removed all waveforms from the analysis that were located in areas of high slope ( 5 degrees) or where the slope correction was  25% of the measured waveform and then used a Random Forest regression tree method to extrapolate values based on seven globally available variables: mean precipitation, precipitation seasonality, mean temperature, temperature seasonality, elevation, MODIS tree cover and protection status (Simard et al. 2011) . In this study we assumed that vegetation height is a reasonable surrogate for vegetation structure given no continental vegetation structure layers exist at the 1-km spatial resolution.
Regionalization GEnS
Concurrent with these ongoing developments in remote sensing and image processing innovations, the macroecological community has also been examining the representation of global environments. As a result of climate change studies and numerical prediction of future climate scenarios, the role of biome classifications has increased, underpinning many current global dynamic vegetation models (Sitch et al. 2003) . Recently, Metzger et al. (2013) developed a novel global environmental stratification (GEnS), which we have used in this study ( Fig. 2A) . Their stratification is based on statistical clustering of bioclimatic data into 125 strata, which were aggregated into 18 global bioclimatic zones. The layer was developed as a framework for global biodiversity observation efforts and research, and to support global ecosystem research and monitoring. Across Australia, nine broad strata exist, which offer the capacity to assess richness, productivity, and vegetation structure relationships regionally as well as continentally.
Statistical analyses
The original species richness, climate energy, and vegetation productivity and structure data were first coarsened to 10 km resolution for analysis by taking the mean of all vegetated pixels within the 10 km analysis cells. Vegetated pixels were defined as 10 km pixels which retained over 20% cover by the 1 km data sets. We first undertook a correlation analysis to compare the richness and the climate and remote sensing datasets. We followed a similar approach to Gouveia et al. (2014) in order to assess the predictive power of the potential drivers to the species richness groups. Specifically, we applied a noncyclic, causative path analysis based on structural equation modelling (SEM) (Shipley 2002) . The approach allowed us to assess competing hypotheses that species richness is either a) most directly related to climate variables, specifically AET and PET at continental and bioclimatic zone scales, or b) most associated with vegetation structure and/or productivity, and indirectly associated with climate through climate-vegetation associations. The presence of systematic patterns in the regional richness analyses was explored by plotting the magnitude of the correlation coefficients for a given variable (using the direct effect pathway from the SEM) against the region's position along that environmental gradient.
Our approach uses climate data in a number of forms. Relatively simple meteorological summaries were used in the initial species distributions developed in MAXENT which were then combined to produce overall species richness estimates by taxa. The relationships between the climate variables and species richness are therefore highly mixed, with some species having negative and others positive or neutral relationships with a given climate variable. In addition, MAXENT produced non-linear solutions for species distribution predictions (Elith et al. 2011 ) resulting in the species richness taxa estimates being less directly related to climate as one might initially expect. However, to avoid potential circularity we did not use annual or monthly summaries of simple meteorological variables such as precipitation and temperature as these were already utilised in the species distribution models. Instead, we focused on AET as the surrogate for energy for all taxa except reptile richness, which was modeled as a function of PET due to ectotherm physiology combined with a reduced reliance on aquatic habitats. These climate representations are more refined than simple climate summaries as they are an outcome of climate (atmospheric water-energy dynamics governing precipitation and potential evapotranspiration) that is used to index the soil water budget, shown to be critical in Australian conditions (Field et al. 2005) . We still recognise that circularity could exist. However, the SEM approach allows us to examine hypothesized causal relationships (Fox 2006) with AET/PET independently to establish the degree to which climate is a key driver of species richness and whether the relationship between climate and species richness is direct or mediated by characteristics of the ecosystem.
Given the large variation in environmental gradients and species assemblages that exist across Australia, we developed models for the major bioclimatic zones in Australia based on the GNeS classification as well as one Australiawide model, resulting in nine bioclimatic zone models and one continental model for each taxon. Intercomparison of the bioclimatic zone models allows us to evaluate how biodiversity gradients vary between regions, relative to their position on key environmental gradients, contributing to a much more robust understanding of the drivers of biodiversity patterns. To avoid assumptions regarding variable distributions (i.e. non-normality in model variables), the significance of variable coefficients was calculated using a 100-fold bootstrapping procedure (Shipley 2002) .
As spatial autocorrelation will likely inflate type I errors (Levy 1993) and is likely to occur in both the remotely sensed and the species richness layers, we randomly subsampled the total population of cells prior to each analysis. First, bioclimatic zones were selected which had an area sufficient to provide reasonable estimates of variable associations (at minimum 500 valid pixels). Secondly, ecoregions were tested to ensure they had adequate coverage (at minimum 25 pixels) after which 12 pixels were randomly selected from each ecoregion in each bioclimatic zone ( Fig. 2A for ecoregion boundaries), ensuring no more than half an ecoregion was sampled (typically less than 10% of an ecoregion was sampled). This allowed for a spatially and environmentally representative sample to be drawn for each bioclimatic zone for each SEM analysis.
Analyses were undertaken in R (R Core Team), using the SEM (Fox et al. 2013) library. An alpha value of 0.05 was used to test all correlations, and only significant correlations are reported in text.
Results
The range in GPP, canopy height, and species richness by bioclimatic zone is shown in Table 1 . Using simple Pearson's r correlations comparing all pixels, amphibian richness was most positively correlated with AET (r = 0.74), GPP (r = 0.36), and forest height (r = 0.35). Similarly, mammal richness was most positively correlated to AET (r = 0.79), forest height (r = 0.48), and GPP (r = 0.48), as was bird richness (AET r = 0.59, GPP r = 0.40, height r = 0.36). Conversely, reptile richness was most positively correlated with PET (r = 0.79), but negatively correlated with GPP (r = -0.47) and height (r = -0.46). However, height and GPP were both positively correlated with AET (r = 0.61 and 0.67 respectively) and negatively correlated with PET (r = -0.56 and -0.59 respectively).
The relative importance of energy (AET and PET), vegetation productivity (GPP), and vegetation structure (height) to species richness varied between scales and among taxa. At the continental scale, structural equation model (SEM) analysis indicated that amphibian richness was most associated with AET (r = 0.57), followed by GPP (r = 0.36) and height (r = 0.35) (Fig. 3A) . Mammal richness was also most strongly associated with AET (r = 0.62), compared to height (r = 0.48) or GPP (r = 0.48) (Fig. 3B) . In contrast, bird richness associations between environmental variables were quite similar, with GPP being strongest (r = 0.40), then AET (r = 0.38) and height (r = 0.36) (Fig. 3C) . Finally, reptile richness was most strongly associated with PET (r = 0.66) and was negatively associated with GPP (r = -0.48) and height (r = -0.46) (Fig. 3D) .
At the regional scale however, where region was defined by bioclimatic zone, the SEM path analysis for amphibian richness indicated that, on average, amphibian richness was most strongly associated with height (mean r = 0.47 across all zones), GPP (mean r = 0.46 across all zones) and AET (mean r = 0.29 across all zones) (Fig. 4, last row) . The exceptions to this were the two driest zones (hot and arid, and extremely hot and arid) where amphibian richness was most strongly related to AET (r = 0.61 and 0.71 respectively). Mammal richness was also most strongly associated with height on average (mean r = 0.61 across all zones) and less so with GPP (mean r = 0.37 across all zones) and AET (mean r = 0.23 across all zones). Again, the exception to this was in the hottest, driest zone (extremely hot and arid) where mammal richness was most strongly associated with AET (r = 0.57). Bird richness was most strongly associated with height (mean r = 0.44 across all zones) and GPP (mean r = 0.42 across all zones) and less so with AET (mean r = 0.26 across all zones). As with amphibians and mammals, bird richness was most strongly associated with AET in the two hottest and driest zones (hot and arid r = 0.58, and extremely hot and arid r = 0.63). Reptile richness was most strongly associated with PET on average (mean r = 0.26 across all zones) with the strongest reptile richness association coming in the three coolest and most wet zones (cool temperate and moist r = 0.96, warm temperate and mesic r = 0.74, warm temperate and xeric r = 0.53). Conversely, in the two driest zones reptile richness was most strongly negatively associated with GPP (hot and arid r = -0.40, extremely hot and arid r = -0.34). Figure 5 displays the strongest correlation within each bioclimatic zone. Plotting the magnitude of the correlation coefficients for each variable against the region's position along the environmental gradient (Fig. 6) indicates there was a tendency for climate to decrease in importance with an increase in both AET and PET for all taxa but mammals. Correlations between species richness and vegetation height stayed relatively constant across the gradient of vegetation structure. Both linear and distinct hump-shaped patterns are evident between average regional GPP and species richness, as is evident in the scatterplots.
Discussion
Continent-scale patterns
Across the Australian continent, vertebrate richness patterns are strongly related to patterns of energy availability, both independently and as mediated by vegetation productivity and forest structure. Richness of amphibians, mammals, and birds are positively associated with all three of these variables. For these groups, the water-energy variable AET is the most relevant formulation of environmental energy, and it is the dominant driver of richness patterns for amphibians and mammals. The direct effects of energy and vegetation variables have roughly similar strengths for birds, although vegetation productivity is marginally the most important. For a summary of how our results compare with other relevant studies, see Table 2 .
Unlike the other taxa, reptile richness is most strongly associated with PET, and has negative relationships with the vegetation variables. The discrepancies between reptile patterns and those of other taxa is consistent with previous reports at global and continental scales, and in meta-analyses (Hawkins et al. 2003 , Rodríguez et al. 2005 , Whittaker et al. 2007 , Qian 2010 . The distinctly different biogeographic patterns of reptiles is often attributed to their ectotherm physiology combined with a reduced reliance on aquatic habitats (unlike the other vertebrate ectotherm group, amphibians, which requires water to breed) (Rodríguez et al. 2005 , Qian et al. 2007 .
Vegetation height was never the strongest driver of richness patterns at the continental extent, which is consistent with work that has shown vegetation structure (Roll et al. 2015) and habitat heterogeneity to have generally secondary importance to energy variables at describing broad-scale diversity gradients. Although Gouveia et al. (2014) found tree height to be the strongest driver of primate species richness, sub-groups often show different spatial and environmental patterns than the broad taxonomic group as they have diversified within a specific environment and share similar niches (Cusens et al. 2012) . Our continent-scale findings generally agree with previous explorations of the vertebrate richness gradients of Australia (Table 2 ). Slight differences between studies are likely due to variation in the scale of the analysis units, the formulations and combinations of the environmental variables and covariate terms pursued (e.g. various climate variables, energy variables, heterogeneity variables, and/or spatial terms), and the analytical approach (e.g. univariate, multivariate and geographically weighted regression).
Regional differences
A striking result from our study is the large degree of between-region variability in the relative strength and even the direction of the associations between vertebrate richness and the environmental variables in SEMs. As with the continental patterns, our within-region results are generally echoed by existing published accounts (Table 2) , although biodiversity patterns for few of the biogeographic zones are represented in the literature. Regional differences in species richness patterns are often reported in the literature, but are a subject of some debate and are often poorly explained (Oberle et al. 2009 ). Because of the wide variation in Figure 6 . Magnitude of the correlation coefficients by GEnS bioclimatic zone, for each environmental variable (using the direct effect pathway from the SEM), by taxa. Lines of best fit are displayed for significant correlation coefficients (p  0.05). Table 2 . Review of published observations of species richness patterns at the continental and regional scales in Australia.
Region
Taxon Species richness pattern observed Reference Agreement with present study? Australia Amphibians Strong positive effect of AET (Gouveia et al. 2013) Yes Australia Mammals Richness positively correlated with habitat richness, negatively correlated with temperature, positively correlated with precipitation. Direct effect of precipitation about half the strength of the other two; habitat richness the strongest term. (Smith et al. 1994 ) Relationships agree in sign, considering habitat richness to be related to tree height and precipitation to proxy AET and GPP, but ranking of effect importances differs. Australia Mammals Strongest association (negative) with solar radiation, strong positive correlation between richness and precipitation. (Schall and Pianka 1978) Patterns with solar radiation may parallel the present observed gradient along AET; precipitation effect likely analogous to obversations of patterns along AET and GPP. Australia Reptiles Negative correlation with AET. (Powney et al. 2010) Unlike other taxa, reptiles observed to be more strongly associated with PET than AET in present analyses. Australia Reptiles Reptiles most strongly correlated to temperature (positive). (Schall and Pianka 1978) Likely analogous to the observed dominant effect (positive) Difficult to draw comparisons due to the large differences between the studies.
Extremely hot and arid zone Birds Positive effect of rainfall, but in interaction with soil type, interpreted in the context of effects on vegetation structure. (Woinarski et al. 1999) Yes, interpretations agree with positive effects of GPP and AET.
Extremely hot and arid zone Reptiles Positive effect of rainfall. (Woinarski et al. 1999) No Extremely hot and arid zone Amphibians Positive effect of rainfall. (Woinarski et al. 1999) Yes Cool temperate and moist or warm temperate and mesic zones Mammals Positive effect of productivity (NDVI). (Youngentob et al. 2015) Yes, although GPP was a fairly weak predictor in the present analyses, the cited study did not evaluate alternative variables.
richness gradients between regions, some authors caution against extrapolating patterns between scales or formulating general conclusions (Gouveia et al. 2013) . Indeed, our results show that, as a consequence of the diverging strengths and directions of richness associations with environmental variables between regions, the average regional pattern is largely unrepresentative of both individual region results and, especially, of the full continent-scale pattern. Recent geographically weighted regression (GWR) analyses have also dramatically highlighted the spatial variability of the strength, direction, and relative explanatory power of environmental drivers of biodiversity gradients (Cassemiro et al. 2007 , Gouveia et al. 2013 , Roll et al. 2015 . These studies indicate that regional differences in biodiversity gradients are substantial, and that simple explanations of coarse biodiversity patterns over large extents are unlikely to be sufficient. However, as GWR illustrates the spatial variability of a relationship but does not attempt to explain it, the reasons behind these regional differences
are not yet understood. Although meta-analyses seek to establish generalities, they have typically elided the problem of regional differences by considering study extent only in terms of the size of the study area (Cusens et al. 2012) and not including terms that characterize the position of study areas along major environmental gradients (but see Stein et al. 2014 ).
The reasons behind regional differences in diversity patterns are still under active research, but have received less attention than simply documenting those patterns (with exceptions such as Oberle et al. 2009 ). Frequently, regional differences are highlighted for patterns between very broad areas, such as biogeographic realms, and qualitatively explained away as a function of differing evolutionary histories. More mechanistically, several studies have shown that richness patterns differ latitudinally, with ambient energy variables generally having greater importance at high latitudes and water-energy variables driving richness gradients at lower latitudes (Hawkins et al. 2003 , Whittaker et al. 2007 , Qian 2010 . Along similar lines, Francis and Currie (2003) and H-Acevedo and contend that regional richness patterns are in fact consistent; apparent differences stem from a failure to include a critical interaction term between energy and water availability in empirical explorations of biodiversity patterns. Pärtel et al. (2007) have also argued that the shape of the diversity-productivity relationship differs between the temperate zone (generally hump-shaped) and the tropics (generally increasing) as a result of the differing sizes of the species pools, although the criteria for including studies in their meta-analysis and the techniques used to classify observed biodiversity patterns into different shapes by these analyses have been criticized (Whittaker 2010) . Our results showing the strong broad scale relationships between species richness by taxa and AET/ PET are to be expected, given the significant water gradients across the Australian landmass. Of marked interest are the relationships at regional scales, which show that AET/PET are surpassed as important explanatory by vegetation height and GPP, and that the strength of these influences vary by taxa and by region. Had issues of circularity been exhibited at this scale, correlations with AET/PET would have been more significant.
A major strength of our study is that it is a repeated consistent analysis of the structuring of species richness patterns at continental and regional extents. Our regional analyses subdivided the continent into a reasonably large number of regions (n = 9, a more useful sample size than the binary north/south split in the studies cited above) that are sequentially distributed along the environmental gradients evaluated as drivers of biodiversity patterns. The observed patterns in the strength of diversity drivers over their gradients are remarkably consistent across taxa, although each driver has an individualistic response. With respect to the energy variables we conclude that AET and PET dominate diversity gradients where they are most limiting (with the exception of mammals). This pattern is consistent with the observation that energy variables are relatively more important in cold, low-energy, high-latitude regions (Hawkins et al. 2003 ), although we emphasize that it holds not only for ambient energy (PET), as previously noted, but also for water-energy (AET). For structure we conclude that the influence of vegetation height to vertebrate richness does not show any clear response to region position on the tree height gradient. Instead, vegetation height has fairly consistent, although moderate positive effects in all regions (with the possible exception of reptiles), which is in agreement with previous findings of the consistently positive (Wright 1983 , Rajaniemi et al. 2006 ) but generally secondary nature (Roll et al. 2015 ) of heterogeneity to species richness. For productivity we conclude that between region comparisons of GPP are more complicated, but generally exhibit a peaked or plateauing effect on the importance of GPP to biodiversity patterns. For amphibians or birds, correlations between GPP and richness are high, positive, and stable for regions with low to moderate GPP, but this factor becomes unimportant and even has a negative effect in the most productive regions. Mammals share the pattern of amphibians and birds at moderately and highly productive regions but, for this taxon, productivity has negative or weak effects in low productivity regions as well. Reptile associations with GPP are variable and generally weak.
This study design has allowed us to more systematically investigate the underlying structure of continental differences in biodiversity patterns. What emerges from this research is a hierarchy of drivers of broad-scale biodiversity patterns at the continental scale. We conclude that: 1) climate energy variables are most important at the low extremes where they are most limiting and they form positive associations with species richness, although it is necessary to select the most relevant climate energy variable for a given taxonomic group; next; 2) productive energy is most important at intermediate positions along its gradient, again forming positive associations with richness; and finally, 3) vegetation height is fairly consistently positively related to richness, and becomes the dominant driver in regions that do not meet either of the previous two criteria. We note that exceptions to this pattern occur for taxa in regions where richness patterns are poorly explained by the remote sensing variables and associations with all variables are weak (e.g. the dominance of negative GPP terms in some regions for birds and reptiles). In these regions, diversity gradients may be more strongly related to alternative environmental factors such as species interaction, or seasonal or interannual variability in climate and vegetation (Rajaniemi et al. 2006 , Gouveia et al. 2013 ; although note that this, too, will impact vegetation and may be implicit in the GPP or tree height variables (Holmgren et al. 2013) .
Although Schall and Pianka (1978) identified contrasting environmental associations of species richness between Australia and the United States, we believe that our study makes general contributions to the global understanding of biodiversity gradients. Our continent-scale findings are consistent with broad biodiversity gradients of other continents and globally: a general pattern of increasing biodiversity with energy or climate energy, and lesser importance of heterogeneity (Rodríguez et al. 2005 , Field et al. 2009 , Qian 2010 . Our regional-level analyses emphasize the importance of gradient position in explaining inconsistent biodiversity patterns, although it may be necessary to consider evolutionary history when deciding whether an absolute level of an environmental driver is likely to be limiting for a specific taxonomic group, in a specific region (Hawkins 2010) . We encourage researchers to evaluate the generality of our proposed hierarchy of factors determining within-region biodiversity gradients across diverse settings. Rigorous investigations of regional differences will require a larger number of regions than has been considered to date, and fine-grained biotic and environmental datasets in order to sufficiently characterize biodiversity patterns at the regional level. We hope that our work will not only encourage greater adoption of contemporary remotely sensed datasets in macroecological research and stimulate interactions between the macroecological and remote sensing communities on these types of initiatives benefiting the global community, but also contribute new insights into patterns of species richness within and between broad areas.
